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Phylogenetic inference from sequences can be misled by both sampling (stochastic) error and systematic error
(nonhistorical signals where reality differs from our simplified models). A recent study of eight yeast species using 106
concatenated genes from complete genomes showed that even small internal edges of a tree received 100% bootstrap
support. This effective negation of stochastic error from large data sets is important, but longer sequences exacerbate the
potential for biases (systematic error) to be positively misleading. Indeed, when we analyzed the same data set using
minimum evolution optimality criteria, an alternative tree received 100% bootstrap support. We identified a compositional
bias as responsible for this inconsistency and showed that it is reduced effectively by coding the nucleotides as purines
and pyrimidines (RY-coding), reinforcing the original tree. Thus, a comprehensive exploration of potential systematic
biases is still required, even though genome-scale data sets greatly reduce sampling error.

Rokas et al. (2003) use eight yeast genomes to derive
a data set of 106 nuclear genes (127,026 nucleotides). This
data set gave a phylogeny of seven Saccharomyces species,
rooted by Candida albicans, where all internal branches
receive 100% bootstrap support under both maximum
parsimony (MP) and maximum likelihood (ML). It is
expected theoretically and empirically (from simulations)
that with very long sequences sampling error should
vanish, with bootstrap values going to 100%. However, the
presence of other (nonhistorical) signals in the data that are
not indicative of ancestry has long been recognized (Penny,
Hendy, and Steel 1992; Hillis 1995; Lopez, Casane, and
Philippe 2002). Bootstrap support values (Felsenstein
1985), convergence tests (Penny and Hendy 1986), and
the Templeton (1983) and Shimodaira and Hasegawa
(1999) tests assess sampling effects only but cannot
indicate whether the trees are actually correct.

In the present example, the Rokas et al. (2003) tree
appears correct, but it is an excellent data set for detecting
whether there are nonhistorical signals (systematic biases)
in the data and, if so, their potential influence. We used
PAUP* version 4.0b8 (Swofford 2002) for minimum
evolution (ME) general time-reversible (GTR [Yang
1994]) and LogDet (Lockhart et al. 1994) distances from
the data, coded both as standard nucleotides (NT-coding)
and as purines (A&G!R) and pyrimidines (C&T!Y).
The latter regime (RY-coding) eliminates transition
biases, a goal that may be traced back to methods such
as transversion parsimony (e.g., Woese et al. [1991]).
Strengths of conflicting signals were inferred using
SpectroNet version 1.2 (Huber et al. 2002). The results
in figure 1 show that although ML and MP support the
Rokas tree with 100% bootstrap support, ME on both GTR

and LogDet distances retaining all constant sites gives
a different tree, also with full 100% bootstrap support.

Figures 1A and B cannot both be correct. With
stochastic effects eliminated, if the strongest signal is not
the historical signal, then the tree that emerges will be
incorrect because the method is inconsistent under those
conditions. Under the nomenclature of Rokas et al. (2003),
the trees differ by selecting branch 3 (fig. 1A) or branch 6
(fig. 1B). These are two of the three local rearrangements
at the node circled in figure 1. The remaining possibility
(which we call X) is for S. bayanus and S. kudriavzevii to
swap positions in figure 1A. We tested for potential effects
from model misspecification by conducting ML searches
using PAUP* with TBR branch swapping on Neighbor-
Joining starting trees. The figure 1A tree was found for the
56 models tested in ModelTest version 3.06 (Posada and
Crandall 1998), using nucleotide data and the parameters
estimated by the program. Thus, the tree appeared rela-
tively robust to model assumptions, but this does not
account for all the signals in the data.

To help estimate the signals, we used the distance
Hadamard transform (Hendy and Charleston 1993) in
SpectroNet for comparing the three local rearrangements at
the node circled in figure 1. If the model fits the data
accurately, then we expect the ideal situation with one
positive (phylogenetic) signal and the other two (non-
historical) to be zero. Even if other processes such as
positive selection had occurred frequently and randomly
among lineages, then we expect the effects to be evenly
distributed among the two nonhistorical signals. Un-
fortunately we do not find the ideal situation where the
model fits the data accurately, but the latter (semi-ideal)
situation occurs for the RY-coded data (fig. 2B [see
below]). In contrast, two strong competing signals, and
a third lesser one, are indicated for the NT-coded data (fig.
2A). Thus, there are three major signals in the data; they
cannot all be phylogenetic (historical). Indeed, in figure 2A
the sum of the two smaller signals exceeds the largest.

Our experience with mitochondrial genomes (Phillips
and Penny 2003; Delsuc, Phillips, and Penny 2003) is that
RY-coding increases historical signal relative to compo-
sitional bias. In the present case, it gives both a 75%
reduction in relative composition variability (RCV [Phil-
lips and Penny 2003]) and a marked increase in the signal
on internal branches, as measured by the treeness statistic
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of Phillips et al. (2001) (see Supplementary Information
online). In addition, under RY-coding, all four methods
give the tree in figure 1A. Clearly, this agreement that
emerges from the RY-coding is a desirable property but
does not identify the competing signals in the data. So far,
we can just hope the largest signal is phylogenetic. In the
following section, we explore the hypothesis that an AT-
GC bias is responsible for the apparent excess of signal for
branch 6 with NT-coding (fig. 2A).

Initially, all constant sites were included for the ME
analyses (fig. 1B). Theory predicts (Steel, Huson, and
Lockhart 2000) that if there is a compositional bias and
with a reduced effect from invariable sites, then the LogDet
model is more likely to flip over to supporting branch 3
than is the symmetric base-frequency GTR model. Indeed,
as the proportion of invariant sites deleted approaches
75%, support for branch 6 flips to support for branch 3
with LogDet, whereas branch 6 is retained under the GTR
model. These results illustrate the importance of examin-
ing for nonhistorical signals.

To focus on the potential for composition bias to
mislead phylogeny reconstruction, ME trees were con-
structed based solely on base frequencies. These new
‘‘base-frequency’’ distances were calculated as follows,
for example the pairwise GC frequency distance be-
tween S. mikatae and S. castellii is the absolute value
jGCS. mikatea 2 GCS. castelliij, where GC is the number of
guanines plus cytosines (G1C) in the sequences. Three GC
frequency distance trees with the alternative branches 3,
6, and X were constructed.

The optimal ME tree from these GC frequency
distances is the same as the tree in figure 1B, which favors
branch 6 (see Supplementary Material online). Thus, the
base composition signal by itself is sufficient to give this
tree. The alternatives with branches 3 and X both require
an additional 688 GC/AT changes (table 1). This difference
(688) based on GC bias is four and a half times greater
than the 152 changes based on standard distances for
the NT-coded data (see table 1). Thus, the GC bias is a
candidate for explaining much of the nonhistorical signal
(systematic bias) for branch 6 under NT-coding (shown in
figure 2A).

Similarly, purine frequency distances also support
branch 6 over branches 3 and X, although only marginally
(by 10.9 and 13.5 changes respectively [table 1]). How-
ever, these are smaller than the differences between the
three hypotheses for the standard ME trees from the RY-
coded data. This suggests that resolving for branch 3 on
the RY-coded data was influenced little by composition
bias. Indeed, for a frequency bias to result in an incorrect
phylogeny, the difference between frequency difference
trees would have to be considerably greater than between
those trees for standard distances. In such cases, many of
the frequency differences would be unique or would be
splits that do not favor one tree over another.

Stochastic tests, such as the composition homogene-
ity test, will almost always give highly significant results
with large data sets (with constant sites excluded) and
provide no indication of the reduced susceptibility to
compositional bias that RY-coding appears to confer. In

FIG. 2.—Signal estimates from Kimura-corrected weights for the three competing branch hypotheses (3, 6, X). The distance Hadamard transform
and Lento plots were done in SpectroNet with the data as standard nucleotides (A) and coded as purines R and pyrimidines Y (B).

FIG. 1.—Contradictory trees, each with 100% bootstrap support. (A) MP and ML (GTR1I1�4) and (B) ME with GTR and LogDet distances.

1456 Philips et al.



contrast, magnitude tests, such as RCV and treeness (see
table S1 in Supplementary Material online), which focus
on the size of biases, should be further developed for
exploring the relationship between phylogenetic signal and
nonhistorical biases.

Conclusions

A swing upon changing optimality criteria or model
assumptions from 100% bootstrap support for one branch
to 100% for a conflicting branch shows the need for
models to fully account for the data. Bootstrap support of
100% is not enough; the tree must also be correct. If there
are systematic biases, even phylogenetic analysis of com-
plete genomes can be misled by inconsistency. In the
present case, there are strong signals in the data additional
to the historical one (fig. 2) that mislead ME, although they
are insufficient to mislead ML and MP.

In the past, to reduce sampling error, emphasis has
been placed on retrieving the maximum information from
sequences. An advantage of genome-scale data sets is that
sampling error is reduced so that more conservative
approaches can be used to retrieve phylogenetic signal. A
classic example with concatenated genes is reducing con-
flicting signal by excluding third codon positions (e.g.,
Delsuc et al. [2002]) and/or data partitions that fail tests for
compositional heterogeneity (e.g., Springer et al. [1999]).
As well as the present usage of RY-coding, focusing on the
slowest evolving sites has also been effective (Brinkmann
and Philippe 1999). The relative increase in historical
versus nonhistorical signal is essential. The benefit of
using the most conservative transformations and/or sites is
twofold; both the loss of historical signal and build up of
systematic biases are slower.

Composition variability and treeness are useful indi-
cators, respectively, of the strength and potential effect of
additional biases and support RY-coding as more reliable
than standard NT-coding for the present data set. As such
the ML tree in figure 3 is our best estimate of the tree and
branch lengths for the yeast phylogeny. None of the
internodes are especially short relative to the adjacent
external branches compared with many deep-level phylo-

genetic problems such as land plants (Pryer et al. 2001),
placental mammals (Amrine-Madsen et al. 2003), and
birds (Harrison et al. 2004). This warns of the potential for
nonhistorical signals to bias phylogeny among these groups
when in the future they too are ‘‘fully resolved’’ with
genome-scale data sets.

Traditionally, the tree with the highest likelihood is
considered the best estimate, irrespective of any systematic
biases. In the present case, models with conservative RY-
coding and models resulting in the most even signal dis-
tribution for next-best trees all favor branch 3 over branch
6, in agreement with the MP and ML analyzes. Genome-
scale data sets provide unprecedented potential for detect-
ing and correcting for nonhistorical signals in real data.
Simulation is not relevant here; it is real data that counts.
The focus must now be on detecting any systematic biases
in the data.
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